the set of candidate TPs by rejecting those that are below some threshold value. 135 To describe the algorithm precisely, we need to introduce some notation. Let h 1 , . . . , h N 136 be a time series of headings for the animal, collected at evenly-spaced time-points t 1 , . . . , t N .
137
Consider a small time window, W , about each data point and calculate the SCSD, s i , of the 138 heading across this window. In other words, s i is the SCSD of {h i−W/2 , . . . , h i+W/2 } for each 139 time-point t i where i ∈ {1 + W/2, . . . , N − W/2} (W must be an even number). The SCSD is 140 given by the following formula Heading (degrees) Heading Fig. 1 . Method for inferring turning points from circular standard deviation. The red curve gives the recorded headings of an example oryx, measured at 40Hz resolution. The squared circular standard deviation (SCSD) of the heading across a sliding window of size W = 200 data points is given by the black curve. Where this spikes above the mean SCSD, we infer that a turn might have taken place. We then do a second check to see that the heading has changed by more than a given threshold angle θ thresh (see Main Text for more details). For example, this removes the points misidentified as turns at around timesteps 21,000 and 22,000.
146
The value of s i will 'spike' when the animal turns sharply. We use these spikes to infer 147 changes in the direction of the animal's movement (Figure 1 x 0 , ..., x K . If the locations x 0 , . . . , x k−1 are all within a distance of from the straight line 192 between x 0 and x k−1 , but some of the locations x 0 , . . . , x k are at a distance greater than from 193 the straight line between x 0 and x k , then the algorithm says that x k−1 is the first TP. Other
194
TPs are constructed iteratively (for full details, see Turchin et al. (1991) ; Turchin (1998) (Mandaville, 1990) .
207
The six oryx used in this study were captured during February 2015. After capture, they 208 were fitted with loggers containing tri-axial accelerometers and tri-axial magnetometers (Daily 209 Diary units, Wildbyte Technologies Ltd., Swansea, UK) which were set to record for 10 days 210 at 40Hz in each channel. Each oryx was fitted with two daily diary units. One unit was glued 211 to the head of the animal, behind the horns, using quick-set epoxy resin, and the other was 212 fixed using cable ties and adhesive tape to a collar around the animals neck. Data for this 213 study were taken from the magnetometer fitted to the neck, so that the headings represent the 214 trajectory of the animal, rather than the direction it is facing.
215
Following logger deployment, animals were allowed to recover in an outside enclosure (25 × 216 25m) for approximately eight hours after which they were released into the larger enclosure
217
(2 × 1km). For this study, we examine a sample path in the larger enclosure for each of the six 218 oryx. These paths have varying lengths, the shortest is 1 hour (∼ 140, 000 headings) and the 219 longest is 2 hours 15 minutes (∼ 320, 000 headings; see Supplementary Table ST1 ).
220
For real trajectories, analysis of TPR and FPR is not possible, since we do not have knowl-221 edge of the 'true' turning-points. Instead, to assess how good a proposed set of TPs is, we 222 construct a path of straight-line segments between each pair of consecutive TPs. We com-223 pare this piecewise-linear model with the path given by the data, assuming that the animal 224 is moving at constant speed, v (chosen arbitrarily). This latter path is given by a collection
For a given set of inferred TPs, {t c 1 , . . . , t cn }, the model path is
12 information.
258
We use the oryx data to compare our algorithm with the output of the Segmentor3isBack 259 package. Segmentor3isBack is a general-use programme that segments data-streams into K 260 segments, where K is fixed (and user-defined). The package can also find the theoretical optimal 261 value of K for fitting a trajectory of straight-line segments interspersed with break-points. We 262 compare the time it takes to run the respective algorithms, as well as the resultingσ values, 263 when K is set to be equal to the number of segments given by our algorithm. For this, we fix 264 W = 40 and θ thresh = 30 • .
265
We also compare our algorithm to Turchin's algorithm, where is set so that resulting 266 number of segments is equal to that given by our algorithm. nonexistent. Fig. 3a shows an example of an oryx path with these inferred turns superimposed.
293
At first glance, it appears as if there are a number of places where turns are identified where 294 they do not appear to be present. However, by zooming-in, we observe that the algorithm is 295 actually correctly identifying very fine-scale movements correctly (see inset of Fig. 3a ).
296
Depending on the biological question being sought, a user may not be interested in very 297 fine-scale movements, so may wish to smooth out behaviour over a longer time-interval. For 298 example, we also used a window size of W = 200, corresponding to five seconds of movement, 299 to analyse the same oryx path as in Fig. 3b proportionately.
311
Comparing our algorithm with Segmentor3isBack, we see that the latter tends to be about 312 10 3 times slower (e.g. 46 minutes compared to 3.6 seconds; see Supplementary Table ST1 for 313 precise figures). The resulting path of straight lines and turns is a marginally better fit in five 314 of the six cases ( Supplementary Table ST1 ), which is to be expected, since Segmentor3isBack 315 is designed to find the theoretical best-fit path. However, the difference tends to be minor, 316 both by comparingσ-values and by visually inspecting the paths (Supplementary Figure SF4 ).
317
Comparison with Turchin's algorithm, applied to the reconstructed path (Equation 2), 318 reveals that Turchin's algorithm is 1-2 orders of magnitude slower (e.g. 220 seconds compared 319 to 3.6 seconds; see Supplementary Table ST2 for precise figures). Turchin's algorithm generally 320 results in a lowerσ. This is to be expected as Turchin's method defines turns as places where 321 there is a deviation from a straight-line of more than a fixed value, so implicitly seeks to 322 minimiseσ. However, our simulation analysis reveals that this is not such an accurate method 323 for determining where turns have actually occurred, as it is more likely to misdetect noise as 324 signal than our approach (Fig. 2) . Therefore the resulting inferred set of turning points is not 325 as reliable as our algorithm, even though the constructed piecewise linear path may turn out sort of turning-point analysis described here. However, a detailed look reveals that the papers 353 that are referenced regarding this third stage are, in fact, seeking answers to issues that are 354 somewhat different to the aims of this paper, which we explain in the next two paragraphs.
355
Our contention will be that the method presented here is a sub- However, all such behavioural changepoint techniques require that the path be already 368 described using some sort of summary statistic (e.g. velocity, tortuousity, turning angle distri-369 bution etc.). Our paper provides a method to infer specific summary statistics (i.e. step lengths 370 and turning angles) from big, high-resolution datasets, thus enabling existing behavioural 371 changepoint analysis techniques to be used with high-resolution data. We thus anticipate 372 that the output of our algorithm could be effectively used as an input to BCPA and similar 373 methods.
374
Our method, based on the circular statistics of headings, has some mathematical similarities 375 with certain methods of deriving toruousity in movement paths (Benhamou, 2004) . If the un- to measure the tortuousity of such paths, since it interpolates between 0 for an uncorrelated 381 random walk to 1 for ballistic movement (Bovet and Benhamou, 1988) . Indeed, it has been 382 used, combined with a sliding window, to detect changes in the behavioural mode of animals 383 (Benhamou, 2004) . So there are some strong similarities between this approach and ours. The 384 main differences are that the existing studies using c have been concerned with behavioural 385 changepoints rather than (smaller scale) turning points, and generally applied to turning angles 386 rather than headings (since the underlying questions are different). Also, the wrapped normal 387 assumption that links the two is not so easy to justify when applied to our scenario, especially 388 near turning points. additional issues regarding computational speed for big data sets).
403
In general, the choice of both W and θ thresh depends on various factors and a combination 404 of statistical tests and expert knowledge will be required in order for this be set appropriately.
405
Our simulation analysis indicates that there is an optimal W and θ thresh for a given simulation scenario, defined by the point at the upper-left-most extreme of the ROC curve (see Fig.   407 2j-l). However, for real data it is not possible to construct such a ROC curve and find the 408 actual optimum. Instead we recommend calculating the variation of the real trajectory from a 409 piecewise-linear model trajectory with turns at the inferred turning points. Such a trajectory 410 is described in Equation (3). Furthermore, we give a dimensionless quantity, denoted byσ,
411
for testing this fit. To choose W and θ thresh , we recommend, in the first instance, running our 412 algorithm over a range of values and calculatingσ for each.
413
Although lower values ofσ indicate a better fit, the correct choice of W and θ thresh also 414 depends upon the biological properties of the study species and the underlying scientific ques-415 tions. This is where expert opinion becomes important, and blindly picking the W and θ thresh 416 that minimiseσ may not always be the best option. In particular, the turn radii of the species 417 is an important quantity. The minimum turn radius of an animal depends partly on its move-418 ment speed, with faster moving individuals (or species) tending to have greater turn radii 419 (Alexander, 2002a) , with this condition generally holding whether the animal in question is 420 aerial (Thomas, 1996) , terrestrial (Alexander, 2002b) or aquatic (but see Blake et al. (1995) 421 and references therein), although values differ in the different media. In particular, it is worth 422 noting that terrestrial mammals, such as the oryx used in this work, may turn through 90 • in 423 less than 1s whereas, because a flying bird has a turn radius that is proportional to the flight 424 speed squared (Thomas, 1996) , a similar 90 • turn by a large gliding bird such as a condor 425 (Vultur gryphus) may take several seconds during which time the bird may have travelled 50m 426 (McGahan, 1973) .
427
In addition to this, there are extrinsic factors that may mean an animal moves in a curve 428 rather than a straight line between successive decisions to change direction. For example, 429 topography could affect a terrestrial animal, and water (resp. air) currents will affect aquatic 430 (resp. airborne) animals. Therefore, when finding turning-points in such data, it is necessary 431 to factor-out such extrinsic effects. (Note that the oryx studied here are unlikely to be largely to SCSD may sometimes be a useful option for the user to bear in mind, it may also end up 461 simply replacing one arbitrary choice with another.
462
In summary, our algorithm is a quick and accurate method for splitting up long streams 463 of ultra high resolution animal movement data into straight-line segments and turns. these frameworks, and may make them more behaviourally-grounded. In conclusion, given its potential for use to improve a broad range of existing techniques, our algorithm should serve Table  1 ). In Panel (a) the red crosses denote the inferred turning points (TPs) using a window size W = 40 (corresponding to 1 second of movement) and a turning threshold angle of θ thresh = 30 • . The inset zooms in on a fragment of the path, to demonstrate the very small-scale turns that are revealed by this analysis, alongside broader-scale turning decisions. In Panel (b), the TPs are inferred using a window size of W = 200 (5 seconds of movement). The very fine-scale turns are now smoothed-out (inset, Panel b), which allows the user to focus on broader-scale patterns.
